ABSTRACT. Assessment of nitrogen content from crop leaves has been of interest worldwide to help growers adjust
transmittance. All three reactions vary in electromagnetic wavelength. Most light is absorbed in the visible waveband (500-700 nm) and reflected in the NIR waveband (700-1350 nm). Photons with short wavelength (visible light) are used for photosynthesis and photochemical reaction, whereas photons with long wavelength (NIR) are used for heating process evaporation and transpiration (Gausman, 1985) .
NITROGEN ASSESSMENT
Assessment of leaf reflectance has the potential to detect N deficiency and shows promise as a tool for improving N-management. Deficiencies of N and chlorophyll in crop plants are sometimes recognized by changes in foliar color. An identifiable symptom of N-deficiency is yellowing of leaves, called chlorosis, due to the loss of chlorophyll. Stressed yellowish leaves have a sharp increase in reflectance throughout the red and green portion of the visible spectrum. In the NIR waveband, yellow leaves have 2% to 3% lower reflectance than the green leaves (Gausman, 1985) .
A number of researchers have studied spectral reflectance of plant leaves correlated to N and chlorophyll concentration in agronomic crops. Primary studies observed that the spectral reflectance of the plants in visible region (400-700 nm) is primarily influenced by the leaf pigment chlorophyll and inversely correlated to leaf chlorophyll content. The best indication was observed in 550 nm for the estimate of leaf N content in sweet pepper (Thomas and Oerther, 1972) and corn (Blackmer et al., 1994; Lee et al., 1999) , chlorophyll and carotenoid concentrations in eight crops (Thomas and Gausman, 1976) : corn, cotton, cantaloupe, cucumber, head lettuce, grain sorghum, spinach, and tobacco.
The earliest study of N and chlorophyll assessment using leaf reflectance was published by Benedict and Swidler N (1961) . They introduced a non-destructive method to estimate chlorophyll content of soybean leaves by using leaf reflectance and quantified an inverse relationship between the chlorophyll content and percent reflectance of light at 625 nm as measured by a colorimeter with reflectance attachment. Bausch and Duke (1996) also compared groundbased canopy reflectance measured over irrigated corn with various N-treatments to chlorophyll meter (SPAD 502, Minolta Co., Japan) measurements and to plant tissue total N. Limitations remained due to soil background effects during early vegetative growth and invalid data under cloudy sky conditions. Saranga et al. (1998) examined NIR analysis as a guide for N fertilization in irrigated cotton to monitor leaf N concentration. Lee et al. (1999) found that the reflectance at 552 nm was responsive to the N content of corn plants whereas variety effect on reflectance at 552 nm was not significantly different. Their laboratory-based reflectance study was conveyed to in-field applications by Lee and Searcy (2000) and showed limited performance for in-field application due to an artificial lighting source used in the laboratory study.
VISION-BASED SPECTRAL SENSOR
A vision-based spectral sensing system minimizes background noise that is a major obstacles during early vegetative growth in standard spectroscopic techniques as addressed by Bausch and Duke (1996) . Background noises caused by soil, shadow, and glare are eliminated by using image processing and detecting only crop canopy response in specific image wavelengths.
In-field application of the sensor can also support real-time N assessment as well as real-time fertilization. In any laboratory spectrophotometric setup, the geometric relationships between plant sample and incident radiation are at best a poor approximation to plant-light configurations in nature (Lillesaeter, 1982) .
The recent development of technologies has increased the potential use of portable vision-based multi-spectral sensors for in-field agricultural applications. The declining price of these technologies promises the cost effectiveness of multispectral imaging systems for agricultural applications. However, no extensive research has been conducted to develop specific techniques and know-how to use multispectral imaging technologies for plant stress perception of crop production systems.
A multi-spectral imaging system was developed for assessment of N-stress levels of corn crops (Kim, 2002) . The system was a ground-based remote sensor for measuring leaf reflectance from a nadir view over a crop under natural ambient illumination. The objectives of the research were to formulate a mathematic model of reflectance response and calibrate multiple multi-spectral imaging sensor (MSIS) units along with matching ambient illumination (AI) sensors to determine the sensor constants.
METHODOLOGY SYSTEM OVERVIEW
A conceptual picture of an in-field crop monitoring system is illustrated in figure 1a . A vision-based spectral sensor measures reflectance of crop canopies of corn plants. An illumination sensor collects solar irradiance to compensate for the variability of ambient illumination. The processed information of nitrogen (N) status is associated with a geo-referenced location obtained by GPS. The system aims to capture continuous crop images by scanning over the corn field along the rows, processing each image to estimate N status and providing site and time-specific N maps of the field ( fig. 1b) .
EQUIPMENT
The system consists of a multi-spectral imaging sensor, an ambient illumination sensor, a differential GPS for position measurement, a portable computer, and a research sprayer platform.
Multi-Spectral Imaging Sensor (MSIS)
The sensor used in the project was a custom-developed imaging sensor from Cohu (Cohu Inc., Poway, Calif.). The sensor was a 3-charge-coupled device (CCD) multi-spectral camera which contained three separate optical paths and image detectors. A serial interface provided external control of gain and shutter speed (exposure) for each independent image channel through a half duplex RS-232 communication port. Special optical filters were installed over the sensors providing three image channels of green (G), red (R), and near-infrared (NIR). These three channels of G, R, and NIR had center wavelengths of 550, 650, and 800 nm, respectively, and bandwidth of approximately 100 nm for each channel. A special lens arrangement provided for optical alignment of three images into one as viewed on a monitor via RGB input. The camera was mounted inside a modified 8.9-cm barrel.
Image Acquisition
Images were captured and digitized by a FlashBus frame grabber (FlashBus MV, Integral Technologies, Inc., Indianapolis, Ind.) with a resolution of 640H × 480V at 8-bit/pixel. High-speed PCI supported 8-bit mono with 256 gray scales and 24-bit color video with up to 16.8 million colors. The FlashBus transmitted real-time digitized video through the PCI bus directly into system memory (off-screen capture mode) at video frame rate of 5~15 frames/s or directly into VGA display memory (on-screen capture mode) at a video frame rate of 30 frames/s (Integral Technologies, Inc., 1998). Image analysis was implemented with Image-Pro Plus software (Image-Pro Plus ver. 3.01, Media Cybernetics, L.P., Silver Spring, Md.).
Ambient Illumination (AI) Sensor
Ambient illumination was measured using a radiometer (SKR1850A 4-channel, Skye Instruments Ltd., Powys, UK). The AI sensor was connected to an I/O card (CIODAS08Jr/16-AO, Computer Boards, Inc., Mansfield, Mass.) and had four channels of G (550 nm with 40 nm bandwidth), R (650 nm with 40-nm bandwidth), NIR (800 nm with 40-nm bandwidth), and broadband illumination (650 nm with 500-nm bandwidth). Different bandwidth between the AI sensor and MSIS would not critically affect the system performance; since peak-bands of all three channels for both AI sensor and MSIS were matched the same and spectral signature will be the average out of the peak-band with the range of bandwidth.
Portable Computer
A portable computer (PAC 586, Dolch Computer Systems, Inc., Fremont, Calif.) mounted on the sprayer was used to perform data collection and processing. It was equipped with a Pentium 200 MHz processor, 16-MB RAM, 1-GB hard disk, two slots for each ISA and PCI bus, and one shared slot. A PCI slot was used for the frame grabber, and two ISA slots were used for I/O card and additional serial ports.
REFLECTANCE RESPONSE MODEL
Radiant energy is transferred by photons that are emitted or absorbed by matter as a result of quantum jumps in electronic energy levels in atoms (de Broglie, 1924; Campbell and Norman, 1998) . The photon energy (e) is uniquely related to the wavelength of radiation by:
where h is Planck's constant (6.63 × 10 -34 J s), c is the speed of light (3 × 10 10 m/s in vacuum), and l is the wavelength of the photon. Total radiant energy (F) emitted by a non-blackbody is formulated by integrating emissivity and emittance of blackbody radiation over all wavelengths as follows (de Broglie, 1924; Campbell and Norman, 1998) : where e (l) is the spectral distribution of emissivity and E b (l) is spectral emittance of blackbody radiation. Similarly, the reflectance response for a MSIS system was derived based on solar energy transformation ( fig. 2 ). Quantum energy (Q) can be described by integration of ambient illumination level (I) and scene reflectance (R) overall wavelengths as follows:
In regard to the narrow waveband (l j ) of optical filters, equation 3 can be described by:
On the other hand, the quantum energy can be related to camera properties. The camera transforms light energy into an image whose gray-level (GL) value of each pixel is scaled from 0 to 255, responding proportionally to the light intensity. The image was also affected by camera parameters (S) such as exposure and gain. The image intensity was determined by a shutter speed which determines how long the sensor was exposed to the light. The shutter speed in a digital camera was controlled by a duty cycle. For example, a bright image (i.e. its average GL = 230) due to high solar energy can be adjusted to an optimal image (i.e. its average GL crystal= 128) by decreasing the exposure. Gain controls act as an amplification of the sensitivity. Thus, both camera parameters are inversely correlated to the light energy, and the quantum energy can be expressed by:
By combining equations 4 and 5, the reflectance of a scene can be expressed by:
The ambient light can be represented by the measurement of AI:
Thus, by inserting equation 7 and adding a constant c 1 into equation 6, the reflectance is formulated by: 
where A out and A in are two signal amplitudes of output and input, respectively. Finally, by substituting exposure and gain from equation 10 for camera properties (S j ) in equation 8, the MSIS reflectance response (R) was expressed as a function of average gray-level value (GL), ambient illumination (AI), exposure (E), gain (g), and two calibration constants, c 1 and c 2 for each waveband (j) as follows: 
IMAGE PROCESSING
One of the advantages with the use of a vision-based spectral sensor is an ability to perform image processing to eliminate noisy portions of the sensor response. Crop images contain some background components, such as soil and shadow regions. These backgrounds bias leaf reflectance estimates and thus were eliminated using image processing.
Segmentation was used to identify object pixels from background pixels. The object pixels of the plant canopy portions were obtained by thresholding the image gray-levels for each channel. For example, soil pixels were effectively eliminated by selecting the middle portion of the image gray-level histogram in G and R channels. The shadow areas were also removed by selecting pixels in the higher portion of the image gray-level histogram in NIR channel. An example of a segmented image is illustrated in figure 4 . The original image ( fig. 4a ) was converted into a segmented image ( fig. 4b ) by leaving only the portions of the canopy areas and masking the backgrounds in a black color which was ignored in analysis. Thus, further data analysis uses only the segmented portions to derive leaf reflectance measures. This technique of image segmentation enhanced the image to provide a more accurate estimate of plant canopy response.
The threshold values for each image channel were manually selected at the beginning of each data collection session and then fixed for further images collected during that session. Ambient illumination over time may affect the image intensity and thus may sometimes require changing the threshold values. However, a MSIS deploys image acquisition algorithm to capture images at a target brightness achieved by a fuzzy logic controller that dynamically controls the camera parameters (Kim et al., 2001) . Therefore, the images were always expected to maintain the target image brightness, and the segmentation levels were consistent from image to image.
SENSOR CALIBRATION
The MSIS reflectance response model in equation 11 was designed based on an assumption such that each parameter had linear characteristics over the full dynamic ranges. In other words, the reflectance model was valid as long as an image affected by light intensity was recovered to a desired image and the linearity remained with dynamic adjustment of the camera parameters and measurement of illumination. The desired image referred to an image with a mean value of the image histogram at the middle (128) of the image gray-scale (0 to 255).
The response from a MSIS system produced an estimate of N status of corn plants by measuring light reflectance of plant canopies. The sensor was calibrated with a target whose absolute reflectance was known. Sensor calibration obtained the relationship between the MSIS reflectance response and a reference reflectance panel (Munsell, GretagMacbeth LLC, New Windsor, N.Y.) , determining calibration constants in the response model (eq. 11).
There were four MSIS units with associated AI sensors developed for the project. Sensor calibration determined the appropriate constants (c 1 and c 2 ) in equation 11 to allow responses to be computed by using an absolute reflectance panel with the measurement of image gray-level value, exposure, gain, and ambient illumination condition.
The sensor calibration was implemented by changing the gain over its full range. Since the change of the gain caused changes in image intensity, the affected image was updated to converge to the desired image with new camera parameters. Upon image convergence, values of the parameters (GL, AI, and E) last updated at each gain were recorded and repeated over the full range of the gains (g) from 0.4 to 4.0 with 0.1 interval for each waveband (j) of R, G, and NIR. With a known reflectance (R) of the panel, a gain constant c 2 was obtained as the slope of log responses versus gain values:
followed by the calculation for c 1 :
EXPERIMENT AND RESULTS

SENSOR CALIBRATION
The four paired MSIS units were calibrated using the USDA-ARS goniometer (Walter-Shea et al., 1993) at the Maricopa Agricultural Center (MAC) in Arizona ( fig. 5) . The basic procedure involved mounting a MSIS, an AI sensor, and a known absolute reflectance panel on the goniometer frame. The goniometer was adjusted to orient all three components normal to the direction of the incident solar illumination. The experiment was implemented around solar noon to reduce effects of the solar atmosphere and the surrounding environment.
Experiments were conducted at MAC under clear sky conditions. A 20% reflectance panel was used as the known reflectance panel. Log responses from the four MSIS units were obtained over the full range of gain (0.4 to 4.0) for the three channels (G, R, and NIR) as shown in figures 6a, b, and c, respectively. There were some erroneous values that were mainly obtained from images corrupted during intensity control.
As shown in figures 6a, b, and c, log responses from the MSIS remained linear to the gain changes for all three channels. The gain constants (c 2 ) were obtained as the slopes of linear regression equations. Calibration constants (c 1 ) were calculated using equation 13. Calibration constants for R, G, and NIR image channels of the four MSIS units are presented in table 1.
Calibration constants of c 2 were very similar for all four MSIS units, ranging from 0.316 to 0.329 in G-channel, from 0.321 to 0.336 in R-channel, and from 0.332 to 0.342 in NIR-channel. This similarity of the gain constant c 2 was explained by the consistent parameters except gain and exposure in equation 12. Thus, gain characteristics in the MSIS units had a linear response as shown in figure 3. Calibration constants (c 1 and c 2 ) for R, G, NIR image channels from the four MSIS units. Calibration constants of c 1 were different across the image wavebands and the MSIS units: constants from two units (MSIS305 and MSIS989) were almost identical for all three channels, whereas those from the other two units (MSIS990 and MSIS988) were slightly different. The difference across the MSIS units was the result of inconsistent adjustment of the optics during manufacturing of these prototype sensors.
SENSOR EVALUATION FOR IN-FIELD MAPPING
The reflectance response from the four units were compared to validate the sensor coefficients obtained through calibration. The MSIS units were subsequently used in sequence to measure the reflectance on a corn field. The experiment consisted of mounting each MSIS system on the sprayer platform and making a pass along a crop row in the field. The crop had been subjected to a stepwise variable amount of applied N as shown in figure 7. Subsequent runs were made with each MSIS system along the same row. Detailed procedure of this experiment was discussed by Kim et al. (2000) . The R-channel responses of each MSIS unit are illustrated in figure 7 .
Responses from two units (MSIS305 and MSIS989) were almost identical whereas those from two units (MSIS990 and MSIS988) deviated slightly from the others. This pattern was similarly found in G-and N-channel responses of each MSIS unit. This was exactly the same trend as observed in the c 1 calibration constants. That is, differences still appeared in the sensor responses. This result was not expected based on the reflectance model.
Further investigation determined that these deviations were the results of the differences in AI reading values from the AI sensors used in each system. Figure 8 represents the AI sensor responses to the same illumination condition. These units were calibrated by the manufacturer but produced different responses once incorporated into the MSIS system. We determined these differences in response were the results of cabling and the I/O connections to the computer. Further work selected one of the AI sensors as a standard reflectance and corrected all other responses to the unit.
After adjusting the AI sensor response, the R-channel reflectance responses from the four MSIS units were re-plotted in figure 9 . The responses of the MSIS990 and MSIS988 units were improved, shifting closer to the responses of the other two units. The response from the MSIS990 unit became almost identical to the others, whereas that of the MSIS988 unit was closer but still had some deviation from the other three. This unit suffered from image formation problems with significant saturation on the right-hand portion of the images and poor focus. These problems were due to poor optical alignment in the camera. Thus, this unit was returned to the manufacturer and no further data from the unit were used in later studies reported here.
CONCLUSION
A multi-spectral imaging system was developed for in-field crop nitrogen mapping. A multi-spectral reflectance response of the system was modeled based on solar energy transformation. A multi-spectral imaging sensor (MSIS) was calibrated to determine the relationship between reflectance response from the MSIS unit and absolute reflectance panel and obtain two calibration constants in a reflectance response model derived for this study. Calibration proved the validity of reflectance model concept such that dynamic adjustment of the camera parameters according to gain change maintained the linearity of log response of the MSIS.
The calibration constants were obtained for four MSIS units paired with AI sensors. Comparable performance across the units was achieved by sensor calibration. The difference in some units were found and mainly caused by erroneous AI calibration values. Modified AI calibrations were determined, which improved the MSIS responses by producing nearly identical responses over all units except one unit with image formation problems.
